discharge recognition using the cross wavelet transform in high voltage cable joint measuring systems using two opposite polarity sensors.
Introduction
Nowadays, Partial Discharges (PD) detection is an essential tool for the diagnosis of high-voltage equipment because of their accuracy to detect and quantify defects and damages in the dielectric insulation, where the detection implies the measurement, acquisition, storage and processing of the PD phenomenon [1] . In general, the most widespread PD detection system is based on electrical measurements, in which the PD signals are acquired in the form of individual or series of electrical pulses.
In offline PD cable field tests and in laboratory tests, capacitive coupled sensors installed at the cable ends are used [2, 3] . In cable systems, statistically most of the partial discharges come from either the cable terminations or the cable joints, being necessary to locate them by time domain reflectometry techniques.
In spite of the PD measurement has been exhaustively researched over the years, the separation of PD pulses from noise is one of the main challenges, especially in online applications. Therefore, noise contamination is one of the significant problems of PD detection [4] , because noise, disturbances and interferences can give rise to complex Phase Resolved Partial Discharges (PRPD) patterns or clusters, leading to misleading interpretations [5] . For this reason, several studies [1, 4, [6] [7] [8] [9] [10] [11] [12] [13] have focused on the PD pulses separation and denoising techniques for PD measurements. Among these studies, the wavelet transform has been broadly used because is capable of locating time and frequency components allowing the analysis of aperiodic signals with irregular and transition features, such as the partial discharges [1] . In the wavelet analysis techniques, the Discrete Wavelet Transform (DWT) has been used extensively for denoising PD signals. In general, in the DWT denoising, the wavelet coefficients are calculated for a given signal and then the coefficients are passed through a threshold (soft or hard) and followed by the reconstruction of the signal by taking the inverse wavelet transform of the modified DWT coefficients. However, a major problem that most of these denoising techniques face is the ingress of external interferences having time-frequency characteristics similar to the partial discharge signals (pulse shaped disturbances); for instance, periodic pulse shaped interferences from power electronics or another periodic switching [7] , PD and corona discharges from the external power system, electrical pulses from switching operations, lightings, etc. This external noise can cause a false indication of PD activity, jeopardising the PD measurements as a diagnostic tool.
To reduce the false indications, in PD measurement systems more than one electrical sensor (HFCTs, UHF antennas, coupling capacitors, etc.) is used, meaning that multiple waveforms are simultaneously acquired, because recording each signal through different sensors may provide extra useful information about the real nature of the waveform recorded. Tools like the correlation and trend analysis can provide the significance of relationships between the signals recorded [14] . Nevertheless, these tools may not detect correlations if the signals are phase shifted; for instance, a phase shift of 180°between the signals https://doi.org/10.1016/j.ijepes.2019.105695 T may appear uncorrelated. The cross-correlation and the cross-spectral analysis can detect the phase shift, but only as average values and in stationary signals. For analysing aperiodic signals with irregular and transition features, the most suitable tool is the Cross Wavelet Transform (XWT) because it exposes regions with high common power and reveals the local relative phase between both signals [14] .
The Cross Wavelet Transform is an extension of the wavelet analysis [4] , and it is a measure of similarity between two waveforms [15] . It exposes regions with high common power and reveals information about the phase relationship. Therefore, the XWT finds links between two signals, because it gives a measure of the correlation between two time series in the time-frequency domain [4] . Therefore, it may be possible to apply the XWT in the separation of PD signals from noise and external disturbances when multiple sensors are deployed.
The XWT has been used in PD measurements [4, [16] [17] [18] . In [4] reported the application of cross wavelet analysis in PD measurements, by analysing the common power spectrum between two PD sensors located in the test object. They used the XWT for defect classification using feature extraction and artificial neural networks. The results showed that the defect could be successfully classified by the technique proposed. In [17, 18] applied the XWT in PD measurements performed in transformers. They used the cross wavelet to identify regions having high common power between the PD signals measured at different locations in the transformer. Finally, in [16] the XWT was used for the discrimination and localisation of PD using acoustic measurements.
Nevertheless, in these previous studies, the application of XWT techniques for removal of external interferences having time-frequency characteristics similar to the PD pulses has not been examined so far. For this reason, in this paper, the XWT was used to separate PD signals from noise and pulse shaped external disturbances in PD measurements. The PD pulses were originated in a high voltage cable joint during impulse and superimposed voltages. An unconventional partial discharge measuring system, based on two opposite polarity HFCTs installed at the cable joint, was used to localise and measure the PD activity in the joint under the impulse condition. The paper describes the experiment performed, the XWT theory, the methodology proposed and the results of applying it to the data collection.
Experimental setup
The PD pulses were measured in a high voltage (HV) cable system, during impulse and superimposed voltages. An unconventional partial discharge measuring system was deployed to localise and measure the PD activity in the HV cable joint under the impulse condition. In the cable joint, an artificial defect has been introduced to produce partial discharges. The artificial defect was created by manipulating the joint, in which the connector in the joint was prepared in such a way that the cable can be pulled out of the joint. To create the PD source, the cable was pulled 10 mm out of the joint at one joint side. The set up was tested under AC, showing a sufficient PD level for research purposes.
The experiments were conducted on the test circuit shown in Fig. 1 , which consisted of the test object, the voltage supplies and the PD measuring system detailed in Fig. 2 . The test object was a 150 kV crosslinked polyethylene (XLPE) extruded cable with two dry type outdoor terminations named termination 1 and 2, and a pre-moulded joint in between. A 380 V/150 kV test transformer supplied the AC voltage. The impulses were applied using a Marx generator connected to the HV cable system. Fig. 1 shows a simplified sketch of the test setup. Detailed information on the setup, the artificial defect, and the PD measuring system installed at the joint can be found at [19] .
Two identical HFCTs (gain of 3 mV/mA and a bandwidth of 100 kHz-40 MHz) were installed at the cable joint position to measure the PD activity. The PD signals acquired by the two HFCTs were first filtered and then transmitted through two 20-m identical coaxial cables to a digital oscilloscope Tektronix MSO58. The filters in combination with transient voltage suppressors were connected between the sensors and the oscilloscope to prevent oscilloscope damage due to the induced voltages during the high voltage transients. The oscilloscope was set at 1.25 GS/s with 250 MHz bandwidth. The acquisition of the signals coming from the sensors was made using the Fast Frame Acquisition Mode because it allows capturing multiple signals at the sampling rate mentioned before. Each signal was recorded individually in a frame with a record length of 2.02 µs.
The HFCTs were installed at both ends of the joint with the same polarity, as shown in Fig. 2 . In this arrangement, when a PD occurs externally to the cable joint (i.e. near termination 1 or termination 2), the PD signals measured by both HFCT have the same polarity and similar magnitudes; this would also be the case for external disturbances coming from outside the cable joint. In a different scenario, if a PD occurs in the cable joint, the PD pulse is generated between the two HFCTs, and it propagates in both directions, which causes that the PD pulses measured by the HFCTs have opposite polarities and similar magnitudes. By using this measuring system, a signal measured by both HFCTs is considered a PD signal when it met these two criteria: the peak occurs around the same time in both HFCTs, and the HFCTs signals have different polarities.
The test was performed under laboratory conditions, causing few electromagnetic disturbances and low background noise before the impulse. However, the impulse voltage in the Marx generator produces itself an electromagnetic interference that causes a huge amount of noise and disturbances. Therefore, the challenge is to detect and identify individual partial discharges during the impulse moment.
This work uses a collection of 10 measurement results, as is shown in Table 1 ; 51,898 signals were acquired by the oscilloscope (using the Fast frame acquisition mode), and only 733 signals (1.41%) corresponded to PD pulses. All the signals were checked manually to identify PD signals that met the two criteria mentioned before. Fig. 3 shows a characteristic PD pulse measured by both HFCTs, and Fig. 4 presents a pulse shaped external disturbance acquired by the measuring system; Fig. 5 presents a zoom-in of Fig. 4 . In the PD pulse, it is possible to notice that the peaks appear around the same time (around 433 ns), and the signals have different polarities in the first tens of nanoseconds. After that, the opposite polarity in the signals is lost due to signal overlapping of the multiple reflections in the cable. On the other hand, the external disturbance does not meet the criteria because the signals have the same polarity.
Cross wavelet transform
The Continuous Wavelet Transform (CWT) is a mathematical tool that transforms a time domain signal to a time-scale domain [20] . The wavelet is a function with zero mean, which is localized in both frequency and time [21] . The CWT of time series (y n , n = 1, …, N) with uniform time steps δt, is defined as the convolution of y n with the normalized and scaled wavelet [21] . The CWT of y n is defined as:
where ψ 0 is the wavelet, and s is the scale.
The CWT is a powerful tool for analysing localised non-periodic oscillations in a time series, or for feature extraction purposes. However, the Cross Wavelet Transform (XWT) is more appropriate for finding an existing link between two-time series, because it gives a measure of the correlation between two time series in the time-frequency domain [4] . The XWT of two-time series x n and y n is defined as: 
where M is the total number of scales. Taking into account that the PD measuring system has two HFCTs, the XWT may help us to automatically check the correlation between the signals acquired. For instance, in a PD signal, having the peaks around the same time, we would expect that the XWT shows that both PD pulses have high common power around the time where the PD peaks occur. Additionally, for a PD originated in the joint like the one in Fig. 3 , the XWT argument would display a local relative phase between both PD signals near to 180°, because the PD signal has different polarities in the two HFCTs.
Wavelet and scales selection
The XWT is a useful tool to identify the regions with a high correlation between two signals, but its outcome relies on the wavelet and the number of scales chosen. In a similar study in PD identification [4] , the Morlet wavelet was found as the most suitable option for feature extraction from noisy signals. Nevertheless, this selection depends on the nature of the problem. For that reason, in this study, different complex wavelets and scales were tested, finding the best performance with 16 scales and the complex gaussian 4 (cgau4) wavelet. Only complex wavelets were tested because they return information about Fig. 3 . PD pulse from the joint. both amplitude and phase, which is needed to get the local relative phase between the signals in both HFCTs. Different wavelets and scales were tested following the next steps:
-From the collection of data shown in Table 1 , 10 PD pulses were randomly chosen from both HFCTs. In an alternative way, it is possible to use PD calibration pulses injected in the cable joint. -For each PD signal, the XWTs and the scalograms were obtained using different wavelets and scales. In total, 7 complex wavelets (cgau1, cgaus2, cgau3, cgau4, Morlet, complex Morlet 1-1 and complex Morlet 1-2) and 3 different scales (8, 16 , and 32) were analysed. For instance, Fig. 6 shows a PD signal measured by both PD sensors and its respective scalogram for the wavelets Morlet and cgau4. The scalogram colorbar indicates the percentage of energy. -The performance of each wavelet mother and scales was analysed based on the percentage of energy around the first peak of the PD signal. It is desired to have a high energy concentration around the first peak and relatively low energy in the remaining part of the signal. In Fig. 6c , the scalogram for cgaus4 shows that the energy is higher around the first peak than in the remaining signal, whereas the scalogram for Morlet presents a more widespread energy distribution, Fig. 6b . Among the wavelets and the different scales examined, the cgau4 in combination with 16 scales has shown the best performance.
Methodology
The aim of the present work is developing a tool capable of separating PD pulses from a collection of data which contains multiple types of disturbances and noise for this particular application. The methodology followed is presented below.
Butterworth filter
First, the signals were filtered out using a Butterworth band-pass filter order 2, with bandwidth 0.1-40 MHz, to eliminate the high-frequency noise measured by the acquisition system. This frequency bandwidth corresponds to the HFCT bandwidth.
XWT and scalograms
After filtering the signals, the XWTs and the scalograms were calculated for each of the 51,898 signals. The scalogram for the PD pulse in Fig. 3 is shown in Fig. 7 , where the percentage of energy for all the 16 scales is presented. Fig. 8 depicts the scalogram for the external disturbance in Fig. 4 .
It is possible to notice that in both signals, there is a high concentration of the energy around the first peak of the signals. As expected, both scalograms show an strong existing link between the signals measured by both HFCTs. However, these scalograms do not provide information about the relative phase of the signals measured, which is relevant for the PD identification (opposite polarities).
Local relative phase
The XWT argument was calculated to obtain the local relative phase. As it was mentioned, this parameter measures the relative phase between both HFCT signals and, therefore, it varies from 0°to 180°.
Considering that a PD pulse measured by both PD sensors has opposite polarity, it is expected a local relative phase near to 180°around the first peak. However, a 180°local phase is an idealisation that helps to explain the nature of the problem, but because of the small delays in both HFCT signals, manufacturing differences and the discretisation, a lower local phase would be expected. Therefore, the scalogram indexes corresponding to a local relative phase higher than 145°were selected and stored in a new variable named SC145. The scalogram SC145 corresponding to the PD signal is presented in Fig. 9 , whereas Fig. 10 shows the SC145 corresponding to the external disturbance.
In Fig. 9 , the energy having a local phase higher than 145°is still highly concentrated around the PD pulse first peak, indicating that both HFCTs signals have different polarities; Fig. 11 shows the PD pulses indexes having the XWT argument higher than 145°. On the other hand, the energy content in the external disturbance does not have a local relative phase higher than 145°, pointing out that both signals have the same polarity.
PD automatic extraction
A signal is classified and separated as a PD signal if the energy percentage SC145, in some of the 16 scales, is higher than an established threshold. In this study, the threshold was arbitrarily adjusted at 0.5% after checking the PD pulses scalograms. In Fig. 12 is presented the applied method scheme.
Results
An algorithm was developed based on the methodology presented in chapter 5 and was applied to the data collection. Table 2 shows the results.
Overall, 97% of the PD signals were correctly identified, which means that 2.93% of the signals detected corresponded to noise or external disturbances. Additionally, only 3 PD signals (0.4%) were not extracted by the algorithm. Among the PD collected by the algorithm, the signal in Fig. 13 represents an excellent example to demonstrate the capabilities of the cross wavelet transform for PD detection. The PD pulse appears around the 700 ns, and in both HFCTs, it has a lower magnitude than the surrounding noise, meaning that the PD pulse has a low signal to noise ratio (SNR). In this signal, the scalogram shows a high correlation around the PD pulse, but also at the beginning and final part of the signal. However, the SC145 presents the energy content mainly concentrated around the PD peaks, reaching energy percentages three times higher than the threshold.
Nevertheless, some PD signals with a low SNR may be not detected by the algorithm, which is the case depicted in Fig. 14. The correlation energy is more spread in the whole signal, and not mainly concentrated around the PD pulse, causing SC145 values lower than the threshold.
Regarding the noise wrongly captured by the algorithm, a characteristic example is shown in Fig. 15 . The external disturbance shows a high correlation at the beginning of the signal with a local relative phase higher than 145°. This type of disturbance, having a high SC145 at the signals ends, has been a recurrent source of false positives. The reason is the signal segmentation which, in some cases, creates this singularity at the signal ends.
Conclusions
A XWT based analysis has been proven to be an effective tool in this particular application to identify PD pulses from the cable joint. The results showed that the use of this technique succeeds in the separation of PD signals from noise and pulse shaped external disturbances. Among the data collected (51898 signals), 97% of the PD signals were correctly identified, 2.93% of the signals detected were false positives, and 0.4% of the PD signals were not separated. The false positives detected were caused by the combination of the signal segmentation and noise. The wavelet complex Gaussian 4, cgau4, in 16 scales, has shown the best performance in the identification of PD signals in this particular application. It was found that both the PD signals and the external disturbances have a high energy concentration around the signal peaks. The XWT relative phase can be used to discriminate PD signals with opposite polarity, like the ones expected from the joint due to the HFCTs arrangement. The calculation of the signal indexes Fig. 13 . XWT analysis of a PD signal immersed in noise. corresponding to relative phases bigger than 145°identifies the portion of the signals corresponding to real PD pulses from the joint.
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